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Abstract— Learning systems are dedicated for learning 
about a particular area organized through non-linear doc-
uments. Therefore, it is always useful to recognize the state 
of knowledge and the navigation behaviour of a learner in 
order to evaluate customize and adapt the learning process. 
In this paper, we aim to make a semantic analysis of the 
learner’s navigation during his apprenticeship in hyperme-
dia content. The main reason of this analysis is to identify 
the browsing behaviour of a learner with the current course. 
We assume that if the semantic distance between the domain 
concepts of the documents (or pages) that follow each other 
in the navigation of a learner is great, then this reflects the 
unstructured navigation behaviour and interprets that the 
learner is disoriented. This type of behaviour could be due 
to the poor organization of the content and the bad structur-
ing of the course. Indeed, this analysis will allow to the tu-
tor, to identify the disoriented learners and help them, and 
to the course author, to specify the causes to restructure and 
to deepen the analysis of the existing content and the naviga-
tion links between the parts of the course. 
Index Terms—Conceptual indexing, Disorientation behav-
iour, Domain ontology, e-Learning, Semantic similarity, 
Trace. 
I. INTRODUCTION 
As learning technology, Learning Systems (LS) are be-
ing increasingly used in Higher Education [1] to support 
students’ access to learning material in a flexible way. 
One of the major reasons of moving from traditional class-
room-based learning to offer instruction through the use of 
Learning Systems is that the latter can present learning 
material in a non-linear structure [2]. Such non-linearity 
affords learners greater flexibility in navigating the learn-
ing content and allows them to choose freely their own 
paths through it to meet their learning goals [3]. Neverthe-
less, non-linearity can be also the source of several prob-
lems.  
The non-linear structure of the course may increase 
complexity, as learners need to make extra efforts to -
understand which content is relevant to their instructional 
objectives, and to develop a clear idea of the relations 
among the pages/links and their position in the environ-
ment [4]. So, learners may feel confused to interact with 
the Web-based learning systems. One of the major confu-
sion in which we are interested in this paper, was disorien-
tation experience. 
Disorientation is the cognitive effect produced with the 
reader who does not make any links between his initial 
browsing project and the zones of information that he has 
read [5]. Originally, disorientation is often due to cogni-
tive overload resulted from the incapacity of the learner to 
retain the main part of the information related to a 
browsed node, or its difficulties to quickly identify the 
nature of links that he has activated [6]. The learners must 
identify, orient themselves and navigate through an infor-
mation space in constantly changing. This does not seem 
to tangle with slow network growth. As consequence of 
disorientation is that the learners pay less attention to their 
learning tasks and can miss at least some of the relevant 
content in the system, which may hinder their learning 
performance [7], [8].  
In front of these obstacles (cognitive overload and diso-
rientation) designers propose supports of navigation assis-
tant [9]. Hence, some Learning System offers navigational 
support (i.e. overviews, concept maps, link suggestions, 
etc.). These supports are claimed to reduce disorientation 
and cognitive load, but still have gaps [6], [10], [11]: (1) 
they are generally intended to all learners’ profiles (not 
personalized for each individual learner) (2) make learners 
passive and (3) limit their free navigation. Finally (4) they 
draw their attention to the global structure at the expense 
of attention to the local structure of the text/content.  
That's why, before being able to remedy and support 
learning, it is advisable to examine a number of aspects 
and to bring to it an element of precision. It is well to ask: 
who are the learners in a situation of disorientation to be 
able to help and support them? What are then the conse-
quences and the real causes of this experience disorienta-
tion? 
Indeed, we consider that answers to these questions can 
provide very significant information on the progress of 
learning, even on its effectiveness. This is what we pro-
pose exploiting in this article, through an implicit model-
ling method, based on the collection and interpretation of 
interaction traces that allow enriching the learner model 
by labelling the kind of path. We also propose to introduce 
the taught domain ontology to correlate information 
among the various educational content viewed by the 
learner. 
The paper is organized as follows: in section 1 we pre-
sent some related work that could raise this kind of obser-
vation. Section 2 is devoted to showing some metrics to 
measure the disorientation. In section 3, we look at some 
tools of the semantic web, particularly ontology. In section 
4, we develop the proposed approach to detect and evalu-
ate the path of a learner (disoriented or not). Finally, in 
section 4 we present some results, which we have 
achieved through an implementation of our approach on a 
considered domain. 
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II. RELATED WORK  
Disorientation is defined as a situation in which due to 
cognitive overload and to the complexity of the environ-
ment, learners do not know where they are in the network 
where they want to go next in the network, and how they 
can get there [12], [13]. In other words, disorientation 
means that learners are unaware their places within the 
whole structure and do not know how they have reached 
that place and how and where they will go. Likewise diso-
rientation is also known as looseness in related literature, 
but the disorientation is more frequently used. The reason 
is that the word ‘disorientation’ has a more comprehensive 
meaning [14]. 
When studies conducted to decrease or overcome the 
problem of disorientation are examined, it’s noticed that 
these studies generally focus on the coherence of reading 
in relation with the learner’s level. Coherence can be de-
fined as, ‘‘the degree to which the reader’s navigation 
path (or reading order) follows a coherent line of argu-
ments or ideas’’ [15]. 
Research comparing numerous studies which looked at 
domain knowledge and interest as variables impacting 
comprehension has found that learners with more subject-
matter knowledge are better prepared to process or navi-
gate digital text and therefore are apt to increase their 
domain knowledge, whereas those without a sufficient 
base of knowledge tend to struggle and thus fall increas-
ingly behind [16]. Further, prior knowledge can help sup-
port comprehension of information accessed in digital 
environments by assisting readers to follow more coherent 
reading sequences as well as reduce feelings of disorienta-
tion [6]. 
Hence, in [17] the authors observed that the learners 
with low level of knowledge made more jumps from a 
subject to another one while the learners of higher level of 
knowledge, pursued more complete and deep explorations 
of the same theme. Ford and Chen [18] observed positive 
correlations between the previous knowledge and the 
more elaborate browsing behaviour (fewer reviewed pag-
es, deeper exploration, less demand of assistance) and the 
speed in the realization of the learning task.  
In a qualitative study led by 8 participants, Rezende, 
and de Souza Barros  [19] have identified three profiles of 
navigation depending on  the prior level of knowledge: 
"organized navigation " for the learners of the highest 
level of knowledge, " conceptual navigation " for the 
learners of an intermediate level and "disorientated navi-
gation " for the learners of low level of knowledge. 
Other works, more qualitative, go in sense of navigation 
which is guided by the knowledge by showing that a lack 
of knowledge leads learners to pursue little developed 
strategies (methodical and exhaustive strategies); while a 
high level knowledge promotes the use of less erratic 
strategies [20].  
In all these studied works, we could infer that it is easi-
er to recognize a performance learner with low knowledge 
through the form of the path established during his learn-
ing. Separately and in combination, disorientation and low 
knowledge have an impact on the poorer performance in 
learning tasks.  As matter of fact, the disorientation is 
considered as serious and frequent navigation problem 
faced learner, since most of the Learning System are de-
livered with web systems. Finding students’ disorientation 
levels and preventing it, is important to improve learning. 
For that reason, correct disorientation measurement is 
obvious and inevitable. 
III. DISORIENTATION MEASURE 
In the literature, there were several manners which al-
low measuring the disorientation level. They are classified 
under two main topics. The qualitative method which is a 
subjective method in nature, this method consists in col-
lects of the user opinions, through several Likert-type 
scale questions. Although it’s simple and fast to adminis-
ter, it is limited, the researcher can never know if the user 
is really conscious of his disorientation [21]. 
The second method, which is quantitative, bases mainly 
on the learner log navigation (trace). We find, for example 
the time spent to accomplish a task (reading page). Herder 
[22] found that user disorientation in hypermedia could be 
characterized by combining an index of reviewing behav-
ior with median page view times. The number of cycles is 
also seen as a good predictor of disorientation, according 
to a study conducted by Juvina and Oostendorp [23]. Oth-
er works use the measure of similarity between the learner 
navigation trace and optimal path to detect the disorienta-
tion [8], [24]. So, for these works as much as the learner 
pattern was similar to the optimal pattern these indicate a 
coherent reading and show lesser disorientation. In con-
trast, indicate a weak performance and disorientation. 
Indeed, our study is focused on the development and 
use of a new method to measure disorientation which has 
in fact semantic nature. According to studied work, disori-
ented learner made an extra effort to develop a clear idea 
of the relations among the pages/links and their position in 
the environment, have erratic strategies, made surface 
exploration and more jumps from a subject to another. 
Based on these behaviors, we have concluded that the 
pages which follow each other in the navigation of the 
disoriented learner have less relation, which means less 
similarity. 
Our work joins on this optic, by trying to observe the 
form of the learner navigation path through the application 
of semantic similarity measures between the concepts of 
pages that follow each other in the navigation. That 
means, if the semantic distance between the concepts of 
pages which are following in the navigation is large, this 
translates an incoherence of reading and disorientation for 
the learner. Note that the concepts of the taught domain 
are well-modelled through the domain ontology of the 
given course, as we describe it in what follows. 
IV. ONTOLOGY  
The Semantic Web [25] is an understandable and naviga-
ble space by both human and software agents. It introduc-
es an additional meaning to the navigational data of the 
classical web, based on a formal ontology and controlled 
vocabularies through semantic links. In standpoint of e-
learning, it can help learners to locate, access, querying, 
processing and evaluating learning resources across dis-
tributed heterogeneous network, or assist teachers in creat-
ing, using, locating, or sharing and exchanging learning 
objects. Ontology [26] includes a set of terms, knowledge, 
including vocabulary, semantic relations, and a number of 
logic-inference rules for some particular domain. The 
ontology applied to Web creates thus the Semantic Web 
[27].  
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Figure 1.  The model of domain ontology [30] 
Ontology [28] facilitates the sharing and reuse of 
knowledge, i.e. a common understanding of diverse con-
tent by persons and machines. 
In our instance, the use of domain ontology resides es-
sentially in the conceptual indexing of learning resources 
to facilitate the identification, research and semantic reuse 
of these resources.  
This ontology also represents the structure of the learn-
er’s model, since it is part of the domain model, i.e. the 
domain ontology in our case. In our case of study, we 
consider that ontology is composed of a set of concepts 
and relations between these concepts. A unique identifier 
is assigned for each concept; these concepts are labelled 
with one or several terms.  The domain ontology model 
that we propose is shown in Figure 1. The considered 
educational resources are described by a set of metadata 
(LOM) [29]. 
V. METHODOLOGY 
The approach we propose is based on the analysis of 
trace files of the learners in a situation of learning during 
their navigations on a course concerning a given topic 
(Figure 2). We suppose that this file contains essentially 
the URLS of the visited pages as well as their dates of 
access. 
This trace file will permit us to bring back the learner 
navigation routes, to realize the semantic indexing of the 
visited pages, and finally to compute the indicator of diso-
rientation. We detail these steps in what comes after. 
A. Path of navigation 
In traditional learning, interactions between the learner 
and the teacher are manifold, through educational materi-
als, gestures and words. The teacher can, according to his 
observations, change the course of his career to suit the 
different profiles of its learners [31].  
 
Figure 2.  Architecture of the proposed solution 
In distance learning, these observations are derived 
from collected traces (log file). Jermann [32] defines a 
digital trace as a set of observations on the interaction of 
the learner with a system. It is defined as an observable 
time sequence of the browsed pages modelled by the URL 
and a set of actions on these pages. The collect on the 
client side provides data relating to the path of the learner, 
whether inside the learning platform or outside of it, i.e., 
browsing the course or the Web, communicates via forum 
or chat, running various applications on the local machine. 
We are interested in our case, particularly on the browsing 
of the course. 
The data collected on the client side is called log files or 
the track files. Voluminous and very meticulous that are, it 
is difficult or impossible to understand them as they are by 
humans. It is therefore, indispensable to perform some 
processing on it, to make it interpretable by the cleaning 
process. The cleaning consists in filtering the insignificant 
and superfluous data from the track file. In our context, we 
keep only the URL of the course content and the date of 
the reading of this URL. 
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After the log file processing step, it’s clear that it is 
possible to represent the path of the learner as a graphical 
record of visited pages (URL), in which the behaviour of 
the learners is translated by the various types of path. 
Indeed, we can represent a learning path for a time T by G 
(V, E) such as V represents the set of the visited pages and 
E, as a set of links activated by the learner and connecting 
the various pages browsed during his learning.  
V = {P1, P2…. Pn}, E = {I1,1, I1,2… In, m}.  
Where Ii,j: indicates a link connecting page Pi to page 
Pj. 
Note that the links that allow to pass from a page to an-
other one, can be explicit by means of a hypertext or an 
hypermedia link from the page Pi, as they can be implicit 
if for example the learner decides to type directly the URL 
of page in the browser bar or access on a link if it is al-
ready marked as a favourite... etc. 
The path, thus established, may contain the same pages 
several times (Number of cycles), since the learner can 
afford to revisit several times the same page. 
Example1: 
We suppose the following pages constitute the structure 
of a given course: 
    Course = {P1, P2, P3, P4, P5, P6} 
And let us propose this path for a given learner:  P1! 
P2! P4! P2! P3!P2! P4! P5  
We note in this example (figure 3) that the page P2 and 
P4 were visited more than once by the learner and we 
count 2 cycles (Edges with thick dots form the first cycle, 
where those with the thin dots represent the second cycle) 
After having the various pages browsed by the learner 
through the trace file, we then precede on the indexing of 
these browsed pages with the domain ontology. 
B. Conceptual indexation 
We suggest using domain ontology in order to index the 
browsed documents. This ontology should be defined by 
the course designer. The indexing process is performed in 
four main steps: (1) the representation of the consulted 
documents (2) the association of concepts to the document 
keywords (3) disambiguation and (4) weighting of con-
cepts. 
1) Representation of documents. 
We represent every visited page by its keywords 
(through metadata). The keywords represented by the 
metadata are assigned to the documents in an equitable 
way, whereas their frequency of appearance, allows giving 
importance of a keyword compared to another. The vecto-
rial model is the most suitable in the proposed approach 
for an effective representation of the documents. Each 
document is identified by a vector of n dimensions where 
each dimension corresponds to the various terms. In each 
term vector of a document Di, a weight is assigned: 
Di= (P1i, P2i, …. , Pnj). Where Pji is the weight of the Jth 
term in the document i. 
This weight is the function of the term frequency, col-
lection and factor of normalization, tf*idf (Term Frequen-
cy/Inverse Document Frequency) [33], [34]. 
                        (1) 
 
                                           (2) 
 
Figure 3.  Example of path navigation 
 
Figure 4.  The algorithm of Words Mapping into Concepts [36] 
Where tfi,j is the frequency of the term j in the document 
i, N is the total number of documents, fj is the number of 
documents in the corpus containing the term j. 
Once we have the keywords of each document (the vec-
tor of terms) and their weight, we proceed to their projec-
tion on the domain ontology. 
2) Concept Identification. 
The purpose of this step is to identify the ontology con-
cepts that correspond to the keywords of the document. 
The extraction of concepts is based on the analysis of each 
term in the document (keyword) with all the ontology 
entries [35]. The concepts are referenced in the documents 
with simple or compound keywords. The identification 
algorithm is well-explained in Figure 4. 
The operation of conceptualization of the terms consists 
of assigning to every term t describing the document a 
concept C of the domain ontology. However, we risk 
finding a term ti which can have n possible concepts in the 
ontology (several entrances to the ontology). As a result, 
the disambiguation step is then necessary. 
3) Term Disambiguation.  
Initially, we use the domain ontology to retrieve the 
various possible senses for an ambiguous term ti (candi-
Input: document D.  
Output: Vector of all ontology concepts belonging to keywords in 
document D. 
Procedure
Let wibe the next word to analyze in the document d. We define the 
context sentI which is the sentence in document D that contains the 
word occurrence wi being analyzed.  
Compute Vi = {C1 , C2 ,..., Cn } the concepts of the ontology 
entries containing wi.  
Each C j �Vi  is represented by a multiword or mono-word term. 
Rank concepts Cj  in set Vi  in where: | C(1) | > | C(2)|> | | … > | 
C(n) | // | | denotes the concept length, in terms of the number of 
words in the corresponding terms. 
For each element Cj in Vi do 
Get common words between senti and representative term of Cj , 
which is the intersection  
N = !(senti ,C j )  
If |N | < | C j | then The concept-sense is not within the context.  
EndIf 
If |N | = | C j | then The concept-sense Cj is within the context senti.  
Add Cj to the set of vectors’ element (index) associated to the 
document D.  
EndIf
EndFor
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date concepts). Then, we will examine an unambiguous 
term tk in the document, identified by a concept Ck in the 
ontology and which is linked to different candidates’ con-
cepts. 
We shall then calculate a score for each candidate con-
cepts, this score is based on the similarity measures be-
tween the various senses (candidate concepts) and the 
concept Ck, using measures such as measures of  Leacock 
and Chodorow (or Lch) [37] Lin [38]and Resnik[39]. 
In our case, Lin's method is used to measure the seman-
tic similarity. This method is one of the most theoretically 
studied and takes into account the information shared by 
the two concepts as Resnik but also about what distin-
guishes them: 
! !(3)!
Where:  
• P (c) is the probability of encountering an instance of 
the concept c. 
• mscs (Ci, Ck) is the common subsuming between the 
two concepts. 
 
The candidate concept Ci with the highest score is then 
selected to represent the ambiguous term ti. 
4) Concept Weighting.  
The extracted concepts are weighted according to a 
method more general than tf *idf named Cfc * idf (con-
cept-frequency-inversed document frequency).  
In this method, each extracted term necessarily repre-
sents a concept of the ontology since we used the ontology 
to identify them. For a concept C its frequency in docu-
ment depends on the frequency of the term itself [40]. It’s 
a ratio which is calculated as follows:    
                            !!!!!!!!!!!!!!!!!!!!!!!!!!!!!! (4) 
!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! (5)!
!
Where: t(c) is the set of terms corresponding to the con-
cept C and tftm is the frequency of term t(c) in a docu-
ment i. The weight of each concept in a document d is so 
calculated as follows:  
!     !!!!!!!!!! !!!!!!!!!!!!!!!!!!(6)!!!!
C. Computing of the disorientation indicator 
After the conceptual indexation, each document (visited 
URL) is represented by a vector of weighted concepts. We 
proceed then to calculate the semantic distance between 
two vectors V1 and V2 corresponding to two pages that 
follow in the learner’s navigation. 
To do this, we opted for the Jaccad index [41]. The Jac-
card similarity measure is defined by the quotient of the 
number of common objects by the total number of objects 
from which is subtracted the number of common objects: 
                               (7) 
Where N1 and N2 represent the concepts of vectors V1 
and V2 and Nc the number of common concepts between 
the two vectors. The result of the similarity measure is a 
normalized value included in the interval [0, 1] and simi-
larity between V1 and V2 is evoked when the score is 
closed 1.  
The index of disorientation corresponds to the average 
of the distances of all the browsed pages:                            
! !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(8)  
!!
Where, n represents the number of pages browsed by 
the learner. 
The measurement result of disorientation is still a nor-
malized value in the interval [0, 1]. Consequently, as long 
as the measure is big and close to 1, means they are  simi-
larity between the browsed pages that follow each other in 
navigation  and  indicates a coherent navigation path, 
otherwise (the measure is close to 0), interprets a dissimi-
larity and incoherent path, thus a learner is in trouble and 
needs help and monitoring. A threshold ! between 0 and 1 
will be fixed through experiments to effectively identify 
learners in a state of disorientation. So, it’s good to precise 
that as much as similarity is large the semantic distance 
and the disorientation are minimal. 
D. Statistical Indicators 
We add to the disorientation indicator, which has a se-
mantic character, other statistical indicators (quantitative 
navigation metric) that allow us to recognize, in a little 
way, the parts of the course which block learners and put 
them in disorientation. Indeed, having more than one 
indicator related to the learner navigation will provide us 
relevant information even on the causes and the conse-
quences of the disorientation. The metrics features are: 
• The frequency of page read since the beginning of 
the session. 
• The time spent on the page (weighted average time 
spent per page in the session). 
• Score of diversity, which is the different number of 
the read pages, divided by the number of the course 
pages. 
• Score of depth, which indicates if the learner has 
done a deep exploration of the content of the course. 
It is computed by dividing the number of links acti-
vated by the learner to the total number of links exist-
ing in the course.  
 
Example 2: 
If we take the sequence of pages visited in the Example1 
• The visit frequency: P1 (1 time), P2 (3 times), P3 (1 
time), P4 (2 times), P5 (1 time), P6 (0 times) 
• Diversity = 8/5= 1.6 
• Depth=5/6=0.83. (If we suppose there are 6 links on 
the 6 pages, and only 5 links are activated corre-
sponding to 5 visited pages). 
VI. EXPERIMENTATION 
A. Initialization of the experiment 
1)   Participants 
To validate the effectiveness of the indicator developed 
in the previous section, an experiment was carried out in 
the undergraduate course of “PHP” with the participation 
of 182 students of the second year for one month. The 
experiment was conducted in sessions at the computer lab 
of the Mouloud Mammeri University of Tizi-Ouzou (Alge-
ria).  
2) Web-based learning system 
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The course is presented to the students via a standard 
web-browser (figure5).This system provides multiple 
navigation tools, which include the main menu, keyword 
search, hierarchical map and alphabetical index. The key-
word search is to allow learners to locate information for 
particular concepts with a search box. These navigation 
tools serve different purposes, so learners are allowed to 
have a freedom to develop their own navigation strategies.  
The web-based learning material was introduced to the 
participants in the first week and was available for the 
students from then on, for an overall four week time peri-
od. A reference manual is available in a form of video and 
PDF document.  
When students logged into the system, they were pro-
vided the tasks of the week and were told to complete 
them within one course-session. Then, they met the task 
and worked on the contents and examples in any sequence 
on the web-based learning material, which contains 81 
pages. Students’ interaction logs were stored in the data-
base to compute disorientation.  At the end of the experi-
ment, an exam of 20 questions was made using a multiple 
choice format, for all the learners. 
Hence, the PHP ontology is mainly composed of 8 top 
concepts and 49 sub-concepts, the main concepts are: (C1: 
Variable and Constant, C2: Operator, C3: Control Struc-
ture, C4: Function, C5: Management Form, C6: MySQL, 
C7: Treatment on files, C8: Session and Cookie). 
B. Data Analysis 
The aim of this study is to detect the learners in disori-
entation behaviour and investigate consequences and 
causes. In order to reach our aim, learners score obtained 
from the test are worked as attributes to create clusters.  
Different clustering algorithms have been used to group 
students, such as: hierarchical agglomerative clustering, a 
clustering algorithm based on large generalized sequences 
to find groups of students with similar learning character-
istics based on their traversal path patterns and the content 
of each page they visited[42]; an improvement in the ma-
trix-based clustering method for grouping learners by 
characteristics in e-learning [43]; a K-means clustering 
algorithm to effectively group students who demonstrate 
similar learning portfolios (students’ assignment scores, 
exam scores and online learning records) [44]. 
Among a variety of clustering techniques, K-means al-
gorithm is widely used to partition the data into several 
clusters according to their similarities [45]. The suitable 
number of clusters is determined based on, not only the 
smallest distance between the features in a same cluster 
but also the largest distance between the features in differ-
ent clusters. After doing so, we found that the K-means 
algorithm produces more efficient outcomes for three 
clusters. 
C. Evaluation of results 
The result of the observations consists of 182 trace files 
corresponding to each learner’s interaction (182 learners). 
The analysis and treatment of trace files allow us to ob-
tain, an additional corpus which merging all documents 
visited by all learners, in total we will have 183 corpus of 
documents. The analysis of these corpuses allowed us to 
calculate 182 disorientation values. Same is the number of 
the score test (questionnaire).  
 
Figure 5.  The Web-based learning system 
So, the three clusters were created with a K-means al-
gorithm. As shown in Table 1, the percentage of learners 
within each cluster is satisfied because the number of 
members in each cluster is reasonably balanced. The 
Mean and standard deviation (SD) of the score test for 
each cluster are shown in Table 1. The tendency of each 
cluster is shown below: 
TABLE I.   
SCORE OF TEST FOR EACH CLUSTER 
Cluster Mean SD Instances 
C1 13.66 6.77 23%(42) 
C2 10.22 4.64 45%(82) 
C3 7.54 3.25 32%(58) 
 
• Cluster 1(C1, N=42): students in this cluster have re-
sponded well to the test and have generally a good 
performance; their results vary from 12/20 to 17/20. 
• Cluster 2(C2, N=82): the students of this cluster are 
average, as indicated by their result in a test, which 
are in the interval of 9/20 to 11/20. 
• Cluster 3(C3, N=58): group students who had a bad 
performance, which diverge between 5/20 and 8/20. 
 
After getting the clusters according to the evaluation 
score, we calculate in the following the Mean and SD of 
the disorientation score for each cluster: 
TABLE II.   
SCORE OF DISORIENTATION FOR EACH CLUSTER 
Cluster Mean SD Max Min 
C1 0.81 0.42 0.85 0.72 
C2 0.56 0.23 0.68 0.45 
C3 0.33 0.09 0.39 0.24 
 
• Cluster 1(C1, N=42): we observe that the disorienta-
tion score of students in this cluster was the highest; 
this means a good similarity between the viewed 
page of their path. The disorientation score of the 
student who has the best performance (17/20) is 0.76.   
• Cluster 2(C2, N=82): the students of this cluster have 
average similarities between the page which follow 
each other in the navigation, as indicate by their diso-
rientation score which is also average (0.56). 
• Cluster 3(C3, N=58): this cluster is the one of the 
three other clusters which has the least value of the 
disorientation indicator (0.33), this explains as well 
the failure of the learner in the test with the lowest 
test score (7.54). The week student (5/20) of this 
cluster has 0.29 as disorientation score. 
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Thus, it is suitable to fix the disorientation threshold ! 
as the mean of the Minimum value of the cluster 2 (0.45) 
and the Maximum value of the cluster 3 (0.39). As the 
result, the thresholds ! is fixed at 0.43. 
 At the present, it remains to shed light on the conse-
quences and causes of disorientation.  To do this, 
we propose to analyze the mean and the SD of the fre-
quency browsed page, the diversity and the time on the 
reading a page for each cluster. These are well detailed in 
the following tables: 
TABLE III.   
SCORE OF FREQUENCY PAGES READ, DIVERSITY, DEPTH AND READ TIME 
FOR EACH CLUSTER 
C
lu
st
er
 Frequency of 
pages read 
Diversity Depth Reading time 
Mean SD Mean SD Mean SD Mean SD 
C1 1.21 0.42 1.33 0.31 0.95 0.12 5 2.7 
C2 1.90 0.73 1.78 0.64 0.79 0.09 6 2.6 
C3 2.82 1.21 3.15 1.81 0.52 0.05 2 1.1 
We detect that students of a cluster (C3) who have diso-
rientation (des=0.33) behaviour, have a superficial explo-
ration of the course content (depth= 0.52) and an attitude 
to revisit some pages of the course more than once (2.8), 
which means a large consultation of the concepts con-
tained in these pages. As a result, the diversity is large 
(3.1), since it is also influenced by the number of read 
pages. Whereas for the mean of the reading time,   in the 
cluster C3, learners spend the least time (2 minutes) than 
the two other clusters (6 minutes for C1 and 5 minutes for 
C2).  
Therefore, we deduce that among the consequence of 
disorientation which we have raised, we found at first, the 
weak learner performance, secondly, we observed that the 
learner tends to make a cyclical navigation path which is 
inferred by some pages revisited more than once, finally 
the weak effort of learning is interpreted by the short time 
that they take to read their pages course and their superfi-
cial exploring of content. 
To recognize the main causes of the learners’ behaviour 
disorientation, in our case of study, we have based solely 
on the analysis of the students results of the cluster (C3), 
which have the number of 58 students. However, we have 
listed the pages whose visits’ frequencies are greater than 
one consultation, which are presented in the following 
graph, and in addition compared with those of the other 
clusters. 
The pages that have been presented in the graph above 
were focused especially on the concepts and sub-concepts 
of Management of Form (page 39, 40 and 41), Mysql (55, 
56) and session (68, 69, 70 and 73). As we observe, the 
pages that correspond to the concept of forms were revis-
ited more than once likewise the two other clusters, this is 
argued by the complexity of this concept at first and on 
the height relationship to the session and MySql concepts 
at second. 
The graph in next (figure 7), summarizes the mean 
score obtained by learners for the three concepts and their 
sub-concepts from the different clusters. 
We remark that the score obtained by the students of 
the cluster 3 for the three preceding concepts are the low-
est (Score <0.4), this justifies clearly the high frequency of 
pages read that articulate about these concepts (Figure 7). 
 
Figure 6.  The frequency of the read pages  
 
Figure 7.  The test score of the three most-consulted concepts 
In summary, learners in Cluster 3 show worse learning 
performance than those in the other two clusters. As men-
tioned in the above section, learners in Cluster 3 also have 
disorientation problems than those in the other two clus-
ters. It implies that the learners with more disorientation 
problems do not perform as well as those without disori-
entation problems. In general, the problem of understand-
ing is often begun from the concepts contained in the 
pages revisited than twice and has a low semantic similari-
ty with those that follow, which interpret that there are a 
bad definition and explanation of concepts and/or the 
overload of information on these pages.  
D.  Discussion 
 This experiment allowed us at the first to set some pa-
rameters such as disorientation threshold fixed at 0.43, the 
average time of reading page at 5 minutes, and the average 
diversity at 0.7. 
It has also enabled us, to check the hypothesis, which 
we have highlighted about the fact that the disorientation 
is generally started from the pages whose content is poorly 
assimilated by learners. These were detected through 
observation of learners in cases of disorientation and who 
have a tendency to revisit the same pages repeatedly, so 
they establish a circular or ring navigation route. The 
learning difficulties encountered by these learners are 
often related to the concepts enclosed in these revisited 
pages. 
We have also shown the apparent consequence of diso-
rientation on the learning level, the correlation is so posi-
tive (r=0.281; p<0.05), thing that was always checked in 
all research work. Indeed, disorientation is one of the 
major keys of failure in learning. Another result, that we 
have raised, is related to the learning effort, which we 
have translated in our case first, by the modest time under-
taken by the learner to attend his course, the correlation is 
also positive (r=0.465; p<0.05). Secondly, by the superfi-
cial exploring of the content with positive correlation 
(r=0.337; p<0.05). 
As for the disorientation causes, always in our case of 
study, we have underlined some concepts that were prob-
lematic for learners, and which are present in some pages 
that have been consulted several times. In fact, the rela-
tionship between disorientation and a page reading fre-
quency is negative (r=-0.372; p<0.05). This is often due to 
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the poor of structuring and designing of the course, as well 
as overload of the learner cognitive and the information 
contents in the pages of the course. 
To this end, there is a need to remove the causes of dis-
orientation problems, so that the consequence can also be 
avoided. Hence, the proposed approach facilitates the task 
either for the tutor to monitor the learner in order to identi-
fy disoriented learners in a timely manner and for the 
author of the course, to review the course on pages (con-
cepts) that are problematic and restructured them in a way 
to respond to the learners' needs. These Two procedures, 
whether from the tutor or the course author, are processes 
to promote the training and help learner by the adaptation 
of the contents as well as ensuring a good follow-up. 
VII. CONCLUSION 
Through our study, we identified the need to observe 
the navigation behaviour of a learner in order to detect the 
type of path that he made during his apprenticeship. This 
path is different from a learner to another according to the 
need and the difficulties that he met during its learning. 
Detecting the type of behaviour may well help us to rec-
ognize learners in difficulties because an unstructured and 
inconsistent path requires more intent from the tutor to 
assess the learner to provide him assistance and by the 
course designer for revision and restructuring of the 
course. 
For this, we mainly interested in this paper to the diso-
rientation indicator. This is based on the semantic distance 
between each pair of pages that follow in the learning 
navigation. The computing method of the disorientation 
indicator has semantic nature as it was detailed in this 
paper, and reliability of this indicator has been well-
validated through an experimentation which we conducted 
for 182 second year students. The experiment has allowed 
us to fix certain thresholds, such as disorientation, that let 
us recognize one of the causes of disorientation, which is 
the cognitive overload, interpreted in some pages of 
course which are detected through the high frequency of 
reading page. Our perspective is based on the integration 
of several other indicators to better assess and understand 
his condition and behaviour. 
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